Participation in social programs, such as clubs and other social organizations, results from a process in which an agent learns about the requirements, benefits, and likelihood of acceptance related to a program, applies to be a participant, and, finally, is accepted or rejected. We propose a model of this participation process and provide an application of the model using data from a social program in Mexico. Our empirical analysis illustrates that decisions at each stage of the process are responsive to expectations about the decisions and outcomes at the subsequent stages and that knowledge about the program can have a significant impact on participation outcomes. JEL codes: I38, D83, program participation, take-up, information acquisition, targeting, undercoverage, leakage Social programs around the world often rely on the voluntary participation of those deemed deserving. Available evidence, however, shows an enormous variation in the "take-up" rate, that is, the rate of participation by eligible individuals in social programs.
, and Hernandez and Pudney (2007) consider the issue of estimating application costs in models of endogenous participation. Heckman and Smith (2004) extend this literature by considering participation in social programs to be the outcome of a sequential process and propose a statistical decomposition of the impact of different variables on the stages of this process. In this paper, we present a decision-theoretic model of participation in social programs that recognizes the sequential nature of the participation process and captures the interdependence between these stages. We use an empirical analysis of a cash transfer program in Mexico to highlight the roles of knowledge, expected benefits, and costs in the participation process.
In our model, the participation process is divided into three stages. The first stage of this process corresponds to the agent's acquisition of knowledge about the program. The second stage corresponds to the agent's decision to apply to the program after learning about and comparing the cost of application with his or her expectations about the program's benefits and the likelihood of being accepted. The third stage corresponds to the program officers' decision whether to enroll the agent into the program.
Our model captures two key features of participation. The first key feature is the sequential nature of the process: an agent first needs to obtain information before actually applying, and the agent must then apply before being assessed for eligibility. The second key feature is the interdependence between stages: at each stage, the agent's decision is responsive to the agent's expectations about the decisions and outcomes in the subsequent stages. In the spirit of rational expectations, we assume that the agent has unbiased beliefs about the decisions and outcomes in the following stages. This assumption ties the estimation of each stage to that of the subsequent stages. The model thus provides a framework for studying the participation decisions-making process.
We conduct an empirical application of the model using data from the participation process in Oportunidades, a prominent social safety-net program in Mexico that combines means testing with self-selection by households. The survey data that we use contain detailed information on the different stages of the participation process as well as the socioeconomic household characteristics used to determine eligibility and the level of transfers a household would receive if deemed eligible. Information on the different stages of the process and the characteristics of eligible and ineligible households has not generally been available in previous work. Our data allow us to separately estimate the potential participant's decision to apply and the program officials' decision regarding whether to enroll the applicant. Because we have detailed information on the official criteria for eligibility, we can determine whether enrollment decisions are based exclusively on these criteria. Information on the benefit entitlements of participants allows us to explore the relationship between expected benefits and the different stages of the participation process.
In accord with the model presented, we estimate the stages of the participation process in reverse order. In particular, at the information acquisition and application stages, we consider the expected benefit for the potential participant of going through the next stages of the participation process. The estimation indicates that the stages of the participation process are interdependent: whether a household becomes informed and whether it applies conditional on being informed are sensitive to the expected benefits, that is, the probability of being accepted conditional on application multiplied by the utility benefit that one receives if enrolled in the program. This estimation is useful because it allows us to analyze the impact of changing program benefits on the different stages of participation.
Our results indicate that the marginal impact of monetary benefits on participation outcomes is small. This finding has important policy implications because it suggests that increasing benefits will not significantly increase participation. This conclusion is not unreasonable in the context of Oportunidades because monetary benefits for participants are already quite high. These results also suggest that policy should focus on addressing barriers to participation that stem from other determinants of applying and acquiring information.
A key policy issue involves disentangling the effect on outcomes of the different stages in the participation process. On the basis of our model, which follows the approach developed in Heckman and Smith (2004) , we present a statistical decomposition of the impact of different variables at the different stages of the participation process. We find that the information stage is the major source of variation in participation, accounting for more than half of the impact of almost every variable that we consider. The second main source of variation in participation is enrollment, accounting for more than a quarter of the impact of most variables, with application a distant third source. Policies directed at increasing participation in Oportunidades should therefore focus more on these stages of the participation process. More generally, these findings reinforce the need for studies of program participation outcomes to take a disaggregated view of the participation process and, accordingly, to collect data to facilitate such an analysis (Heckman and Smith 2004) . A general lesson arising from our work is that the enrollment stage and especially the information stage may be as important as the application stage in explaining participation outcomes in social programs. Because the outcomes of these stages are strongly affected by program design and implementation features, they can be heavily influenced by policy reform in these areas. Our work also points to the usefulness of collecting disaggregated data about the different stages of the participation process in other social programs, in both developed and developing countries, in order to better understand barriers to participation that limit the efficiency and effectiveness of such programs.
The remainder of this paper proceeds as follows. In section 2, we present our model of the participation process. In section 3, we provide some background on our database. In section 4, we describe our empirical results. In section 5, we summarize our findings and their policy implications.
A M O D E L O F T H E P A R T I C I P A T I O N P R O C E S S
Whether a potential household participant receives benefits from a targeted program depends on whether the participant decides to seek knowledge and to apply and whether the applicant is accepted. Thus, the participation outcome is the result of a "participation process" with three stages. The first two stages involve decisions by the potential participant. In each of these two stages, expectations about the next stage are crucial. Beliefs about the probability of enrollment are important for the decision to apply, and beliefs about the likelihood of applying and enrolling in the program are important for the decision to seek information about the program. For this reason, we describe the participation process in reverse, starting with the probability of a potential household participant's enrollment if that participant is informed about the program and contemplating whether to apply.
Enrollment Decisions and Gains from Participation
Eligibility for means-tested poverty-alleviation programs is usually determined on the basis of a score and a cutoff. In Oportunidades, the score is calculated using demographic and socioeconomic characteristics of the applicant's household, including the number of household members, the number of children in the household younger than eleven, an index of household overcrowding, the age and years of education of the head of household, a set of dummies indicating whether the dwelling lacks a number of desirable characteristics (such as a connection to running water, a paved floor, or a refrigerator), and a set of regional dummies. Household h is eligible if g e X h ! r, where X h is the vector for household h of the characteristics used in the score, g e is the vector of weights attached to these characteristics, and the cutoff r represents the "poverty line." In practice, enrollment is determined not only by eligibility according to program rules but also by rationing because of budget limitations at different program offices, discrimination at the program offices, and other considerations that can lead to undercoverage or leakage.
We introduce the possibility of enrollment errors by assuming that (i) the actual weights determining enrollment may differ from those set for eligibility, (ii) the variables determining enrollment may include variables other than the official criteria, and (iii) the actual cutoff for enrollment may differ from the one used for eligibility and may vary for different applicants. Here, we have in mind the fact that the thresholds for different individuals reflect varying (regionally specific) budget constraints and rationing. Formally, we assume that the actual cutoff for enrollment is distributed according to a logistic distribution with location parameter m and scale parameter s. Thus, the probability that h is enrolled is
where F is the standard logistic distribution function, b e ¼ g e /s is the vector of (normalized) weights of household characteristics in the enrollment score, and a e ¼ 2 m/s is a constant term. We can estimate equation (1) using the actual enrollment decisions by program officers. The utility gain from participation depends on the pre-program household income Y h and the (monetary) benefit of participation B h , both in per capita terms. Assuming for simplicity that the household has a constant risk aversion utility function with risk parameter r, we find that the gain from participating is
We can calculate the potential benefits of participation using the program rules to calculate the potential transfer income that can be received given the preprogram education levels of children in the household (Martinelli and Parker 2009) . Note that monetary benefits enter nonlinearly in the expression for the utility gain from participation.
The modeling assumes that the household does not know the enrollment outcome in advance, even though the household knows the precise amount of the benefit. This assumption corresponds to the case of Oportunidades, in which the rules for benefits are clearly stated and publicized (see table 2), although the exact rules for enrollment are not public information.
The Application Problem
We assume that households have beliefs about the expected utility gain from application, given by
We also assume that the cost of application is a linear function of a vector of observable characteristics of the household X h and a random term h ah . That is,
For tractability, we assume that the terms h ah are independently distributed across households according to a logistic distribution with location parameter 0 and scale parameter s a .
2 The assumption that the cost of application is linear in household characteristics that are not binary is simply an approximation of first-order effects. Although we use a linear expression for the cost of application, we take care to bound the application cost from below by zero; that is, we interpret a negative realization of g a X h þ h ah as a zero cost of application or no disincentive to apply.
Using the preceding expressions, we estimate that the household will apply to the program if it is informed and the gains from application exceed the costs; that is,
Note that 1 ah is a random term with a density identical to the standard logistic density for 1 ah ! 2 b ax X ah . We can estimate equation (2) using a previous estimation of equation (1) and the decisions to apply or not apply by informed households. It is simple to verify that the likelihood function associated with equation (2) above is the same whether we assume that 1 ah has a standard logistic distribution or that 1 ah has a density identical to the standard logistic density for 1 ah ! 2 b ax X h and a point mass at 1 ah ¼ 2 b ax X h , as long as b ag . 0.
From the previous expressions, the net expected utility gain from application is
with the household declining to apply otherwise.
The Information Acquisition Problem
We assume that awareness about the program is obtained for free or through voluntary information acquisition on the part of potential participants. Knowledge can be acquired passively ( people hear about it from campaigns, from their friends and neighbors, and from their networks, including participation in other programs) or through the agent's decision to invest time and effort to learn how to apply to the program. In the latter case, the agent's prior expectations about benefits from the program and the likelihood of being accepted may play a role.
We assume that when individuals seek information about the program, they anticipate how likely they are to apply to the program and to ultimately enroll in it. After acquiring information, individuals may have a better idea about whether it is convenient to apply to the program, which we model as learning the realization of realizing the random term in the application cost.
Because acquiring information allows a household to apply and households ignore the realization 1 ah before acquiring information, the value of information is
where F is the standard logistic distribution function and f is the standard logistic density function. Gathering terms and integrating by parts, we obtain
Canceling terms in the expression above, we get
We assume that the cost of information is a linear function of a vector of observable characteristics of the household, that is,
where the terms h kh are independently distributed across households according to a logistic distribution with location parameter 0 and scale parameter s k and are independent of the terms h ah . As in the case of the application cost, we take care to bound the information cost from below by zero. Thus, we allow households to receive information about the program without expending effort. From the previous expressions, a household will seek information about the program (3)
Note that 1 kh is a random term with a density identical to the standard logistic density for 1 kh ! b kx X h . We can estimate equation (3) using a previous estimation of equation (2) and the household reports about being informed or uninformed about the program.
E V I D E N C E O N I N F O R M A T I O N A N D P A R T I C I P A T I O N
We now turn to our empirical example. Oportunidades was introduced in the poorest urban localities in Mexico in 2002.
3 An advertising campaign was conducted to inform potential applicants that registration centers for the program would be open during certain dates. The advertising campaign used TV and radio advertisements, flyers, posters in churches, schools, health clinics and market places, and loudspeaker announcements. Applicants who came to the registration centers were asked to provide information about their address and dwelling characteristics, such as whether the dwelling had access to running water, whether it had a dirt floor, the number of rooms in the dwelling, and household appliances and other durable goods available to the household. We used these characteristics and demographic information to compute a household poverty index, which was used to determine an applicant's eligibility for enrollment in the program. The weights attached to each characteristic in the household poverty index were predetermined using a poverty regression similar to that described by Ravallion (1996) . The methodology was public (Reglas de Operació n 2002), but the specific weights were not.
Applicants initially found to be eligible received a household visit during subsequent weeks to verify the information provided, after which a final determination on eligibility was made. Because of budget and capacity constraints at the level of program offices, offices were sometimes closed when certain quotas were reached, and not every household initially found eligible was considered for a household visit. This process likely led to errors of exclusion. Moreover, some households that were initially classified as eligible at the registration center and found to be ineligible after the verification did, in fact, enroll in the program, leading to errors of inclusion (Martinelli and Parker 2009 ).
Our dataset was the ENCELURB (Encuesta de Evaluació n de los Hogares Urbanos 2002), the survey used to evaluate the performance of Oportunidades in urban areas. Shortly after enrollment but before beneficiary households began to receive Oportunidades transfers, a sample of residential blocks in the program's area of operation was selected, and all households in these selected blocks (20,859) were visited. An initial screening survey found 4,649 Oportunidades beneficiary households. All of these households were included in the evaluation sample. Additionally, a subsample (5,776) of nonbeneficiary households was added to the evaluation sample. Among other information in the ENCELURB survey, all households were asked a series of questions relating to their knowledge about, application to, and enrollment in Oportunidades.
3. Oportunidades is a scaled-up version of the rural Progresa program. This program has become widely known in the economics literature because of its careful evaluation and has been considered a prototype for social safety-net reforms in other developing countries, especially in Latin America (see, e.g., Schultz 2004; de Janvry et al. 2006; Parker, Rubalcava, and Teruel 2008) . Our empirical analysis of enrollment in Oportunidades focuses on urban households; Leroy et al. (2008) compare urban and rural enrollment and discuss utilization of the different components of the program.
The screening survey for the ENCELURB included a module with questions to construct the household poverty index and the program eligibility of households in the evaluation sample.
4 Table 1 presents information on participation levels by eligible and ineligible households. Leakage (that is, participation by ineligible households as a fraction of total participation) was 28.2 percent, and undercoverage (that is, nonparticipation by eligible households as a fraction of the eligible population) was 49.6 percent. Table 1 also illustrates that a lack of knowledge about the program was a major barrier to participation, especially for ineligible applicants. 5, 6 Cash benefits for participants in Oportunidades include an unconditional grant (called a "nutrition grant") as well as grants that are conditional on the school attendance of the children in the household, as described in table 2. The program also includes free medical consultations and nutrition supplements. Because we can calculate the potential (maximum) cash benefits a household can receive under the program using the household's demographic composition and years of completed schooling of each pre-program child, we can estimate the monetary incentive to participate for each potential applicant. Table 3 shows the average household characteristics for eligible and ineligible households. Ineligible households are better off than eligible households in terms of both total and per capita expenditure. Because ineligible households have smaller families, in addition to being less likely to enroll in the program, they have smaller benefits if they participate. Nonetheless, the benefits of participation are substantial for both eligible and ineligible households. The average monthly transfer is approximately 15 percent of the average monthly expenditure for eligible households and 12 percent for ineligible households. 4. For the subsample of households in the ENCELURB that applied for benefits according to administrative sources, we compared the program's calculated eligibility index to our index (based on the proxy means model and the characteristics in the ENCELURB survey). These two criteria for eligibility coincide in approximately 80 percent of the cases. Differences are likely due to different self-reports of household characteristics between the two visits.
5. In the survey, households that were recipients of the transfer were assumed to have applied, and households that applied were assumed to know about the program.
6. Coady and Parker (2009) Consistent with the model developed above, our analysis of participation outcomes disaggregates the participation process into three stages: the knowledge acquisition decision by households, the application decision by households, and the enrollment decision by program officials. We estimate the model in reverse order beginning with the enrollment decision. Our estimates of the determinants of the outcomes at the final two stages (that is, application and enrollment) are based on selected samples. The sample of households that knew about the program is used to estimate the determinants of the application decision, and the sample of households that both knew about the program and subsequently applied is used to analyze the enrollment decision. Therefore, our estimates provide only unbiased estimates for the conditional samples. All but one of the variables are included in all three stages. The exception is the expected benefit variable, which is excluded from the final enrollment equation because, in the case of Oportunidades, enrollment is administratively determined using categorical criteria that have been previously found to strongly correlate with poverty. The expected benefit variable is calculated as the product of the probability of proceeding through subsequent stages and the additional utility of the cash benefits received if the applicant is successfully enrolled. These benefits are exogenous to the household and are calculated using the schedule in table 2 above and capped accordingly.
Note that the potential cash benefits received depend not only on the demographic composition of the household but also on the pre-program schooling level of all children in the household. Because of high grade failure and early dropout levels, there is wide variation in the pre-program schooling attainment of children of a given age. Under the assumption that initial schooling does not correlate with unobserved knowledge and application costs, this wide variation provides potentially valuable information about the importance of identifying differences in the level of impact of program benefits.
The utility of the cash benefits is calculated using a constant risk aversion utility function with risk parameter 1. Because the marginal utility of income decreases with total income, the expected utility of benefits is a nonlinear function of cash benefits received. In addition to variation in pre-program schooling, this nonlinearity allows the separate identification of the impact of variation in benefits on knowledge acquisition and application outcomes. Because the results are insensitive to the choice of risk parameter around one, we only present results under this assumption. Furthermore, by including a large number of explanatory variables in addition to expected benefits, these variables may reflect the impact of unobserved characteristics that might correlate with the costs of participation.
7

Determinants of Enrollment, Application, and Learning
We estimate equation (1) using the sample of households in our dataset that reported applying to the program. We include the following as explanatory variables: (i) household's characteristics, including age, education and disability status of the mother, whether the mother speaks an indigenous language, 7. Note that potential maximum benefits have been previously used as an instrument for actual benefits (see, e.g., Gertler, Martinez, and Rubio-Codina 2012 and Dubois, de Janvry, and Sadoulet 2011).
Coady, Martinelli, and Parkewhether the mother worked outside of the home in the year prior to the survey, the percentage of eligible households in the block, participation in other social programs and organizations, and distance to the nearest registration center; (ii) household demographics, including the number of children, adult women and adult men by age intervals; and (iii) dummies for household belongings. The official criteria for eligibility are household belongings and a set of regional dummies. We exclude the regional dummies in the official criteria, which were not public. Instead, we include dummies for the 170 neighborhoods in the sample in an attempt to capture fixed effects at the neighborhood level due to rationing and other correlated shocks. 8 The results are reported in the first column of table 4. For comparison purposes, official criteria are detailed in table 5 (normalized to total 100). Most of the important official criteria are also important and statistically significant in practice, according to the estimated enrollment equation. An exception is the lack of a gas water heater, which is likely affected by location. This influence may explain the lack of significance of this criterion because we include neighborhood dummies.
The statistically significant impact of variables other than the official criteria on enrollment is consistent with the use of unofficial criteria by program officials in selecting among applicant households. Although the program has explicit and precise eligibility criteria, many program offices were forced to ration program places because more applicants met the official eligibility criteria than the budget allocations allowed. Our results suggest that women who spoke an indigenous language, who were found to have a substantially higher probability of being poor, and who had participated in other social programs and in social and political organizations received priority. These decisions may also reflect early application by better-connected households before the process was because of a lack of funds. Women working outside the home (and who, presumably, have higher income) had a lower probability of being enrolled.
Next, we estimate the determinants of application using (1) the sample of households in our dataset that reported knowledge of where to go to apply to the program and (2) the sample of households in our dataset that reported awareness of the existence of registration centers for the program. The difference between the two samples was very small; a large majority of households that reported awareness of the program also knew the location of the registration office (see table 1). Thus, the results using either sample were nearly identical. We report only the results obtained from the first sample. We estimate equation (2) and include as explanatory variables the expected benefit of application and all of the explanatory variables from the estimation of equation (1). Note that households are implicitly assumed to use their own characteristics, 8 . The applicant's characteristics, detailed in table 4, are those of the mother, who was the recipient of the transfer and the person actually approaching the registration center in the vast majority of cases. not only their estimate of their scores, in assessing their probability of enrollment if they apply to the program. Because we use the results from equation (1) to estimate the expected benefit of application, we have bootstrapped the standard errors. Source: ENCELURB. Regression includes neighborhood fixed effects and control for missing information on distance. Standard errors are shown in parentheses. *Significant at 10%; **Significant at 5%; ***Significant at 1%.
The results are reported in the second column of table 4. 9 The key result is that the expected benefit of application has a significant impact on the application decision. Participation in other social programs has a large and significantly positive impact on participation in the program, suggesting unobservable characteristics related to the cost or benefit of application that are common across social programs. Education has a significantly negative impact on application, which may be due to an income effect or may reflect stigma.
10 Distance to the registration center has a positive impact on application, which is puzzling because distance would be expected to increase the cost of applying. Note that this study focuses on a sample of urban households; the importance of distance may be better identified in rural settings.
Finally, we estimate the determinants of information using the entire sample of households in our dataset. In particular, we estimate equation (3) with the expected benefit of knowledge and all of the explanatory variables from the estimation of equation (1) as explanatory variables. Because we use the results from equation (2) to estimate the expected benefit of knowledge, we have bootstrapped the standard errors. The results are reported in the last column of table 4. Consistent with the model, the expected benefit of knowledge of the program has a statistically significant effect. The other variables that have significant and important positive effects on information include the percentage of eligible households in the block, participation in other social programs, participation in organizations, whether the mother speaks an indigenous language, and the age of the household head. In all of these cases, targeted information and word-of-mouth communication may have played a role. In particular, the statistically significant positive coefficient associated with the percentage of eligible households in a block is consistent with the information strategy adopted by the program to target poor blocks. As a result, eligible households residing in blocks that are less poor had a substantially lower probability of knowing about the program.
Decomposing the Participation Process
In this section, we decompose the effect of several household characteristics on participation outcomes into the different stages of the participation process. We first explain the statistical decomposition proposed by Heckman and Smith (2004) . Let Pr( parjX h ) be the unconditional probability that a household with characteristic X h participates in the program, Pr(enjap, in, X h ) be the probability that a household is enrolled in the program conditional on application and information, Pr(apjin, X h ) be the probability that a household applies to the program conditional on information, and Pr(injX h ) be the unconditional probability that the household is informed. Using the chain rule, we have
The effect on participation of a change in a given observable variable x can be written as the sum of the (weighted) enrollment effect, application effect, and information effect. In particular, the enrollment effect is @ x Prðenjap; in; X h Þ Â Prðapjin; X h Þ Â PrðinjX h Þ; the application effect is Prðenjap; in; X h Þ Â @ x Prðapjin; X h Þ Â PrðinjX h Þ; and the information effect is Prðenjap; in; X h Þ Â Prðapjin; X h Þ Â Prð injX h Þ:
In these expressions, @ x Pr(enjap, in, X h ) is the marginal effect of the variable on enrollment conditional on application and information, @ x Pr(apjin, X h ) is the marginal effect of the variable on application conditional on information, and @ x Pr(injX h ) is the unconditional marginal effect of the variable on information.
In our model, the enrollment effect is a similar expression
Note, however, that we now use information about household benefits B h and income Y h . The application effect in our model is more involved because it contains a term that depends on changes in the expected gain from application induced by changes in the probability of enrollment:
where @ G Pr(apjin,X h , B h , Y h ) is the marginal effect on application of the gain from enrollment conditional on information, and ln(1 þ B h /Y h ) is the utility gain from enrollment. In the expression above, the first term is the direct effect of variable x on application, and the second term is the indirect effect of variable x on application via its effect on enrollment. With respect to the second term, note that @ x Pr(enjap, in, X h ) Â ln(1 þ B h /Y h ) is the change in the expected benefit of applying, and @ G Pr(apjin,X h , B h , Y h ) is the marginal effect of the expected benefit on the application decision. As in the case of the direct effect, we weight the indirect effect using Pr(enjap,in,X h ) Â Pr(injX h ,B h ,Y h ). Finally, the information effect in our model is
where @ G Pr(injX h , B h , Y h ) is the unconditional marginal effect on information of the gain from application, and F(b ax X h jin) is the probability that application is costless (so it is not affected by marginal changes in benefits) and equal to the logistic distribution function F(z) ¼ 1/ (1 þ exp(-z)) evaluated at b ax X h for an informed household. In the expression above, the first term is the direct effect of variable x on information, the second term is the indirect effect of variable x on information via its effect on enrollment, and the third term is the indirect effect of variable x on information via its effect on application. As before, we need to weight the indirect effects using Pr(enjap, in, X h ) Â Pr(apjin, X h , B h , Y h ). Note that @ G Pr(injX h ,B h ,Y h ) is the marginal effect of the expected benefit on the information decision. In the second term, Pr(apjin, X h , B h , Y h ) Â @ x Pr(enjap, in, X h ) Â ln(1 þ B h /Y h ) is the change in the expected benefit of information due to a change in enrollment. In the third term, (@ x Pr(apjin,
) is the change in the expected benefit of information due to a change in application and is equal to the marginal effect of variable x on the expected gain from application, multiplied by the probability that application is costly.
In our model, by assumption, a change in benefits has no impact on enrollment. The marginal impacts of a change in monetary benefits on application and information are, respectively, Table 6 reports a decomposition of the effect of several household characteristics and demographic variables according to the two methodologies. The results for both methodologies are similar. In both cases, the main source of the impact of most of the variables that we consider on participation is the The estimation based on our model also indicates that the effect of expected benefits is significant at the application and information stages, but variation due to monetary benefits is not quantitatively important.
Increasing monetary benefits by 100 pesos would increase the probability of participation by less than two percentage points; average monetary benefits were 350 pesos. This finding suggests that further increases in benefits, keeping the program design constant, will not have a large impact on participation. This implication is not unrealistic considering that monetary benefits are already quite high compared with household pre-program expenditure (see tables 2 and 3). It is worth emphasizing that this marginal effect is average, but in principle, it may vary across different socioeconomic groups. For example, increasing the level of benefits for poor households who correctly expect to receive low benefits (for example, elderly households without children) may be an effective approach to increase participation among this group.
In this paper, we develop a sequential and interdependent decision model of participation in social programs and apply it to a unique data set that contains detailed information on the different stages of the participation process in Oportunidades, a flagship social program in Mexico. This program has become a prototype for a growing number of similar programs in developing countries. The model and empirical findings presented in this paper provide insight into the design, implementation, and evaluation of such programs and other programs that involve self-selection by potential beneficiaries.
A key component of the model is that it explicitly identifies three stages in the participation process (information acquisition, application, and enrollment) in which the decision by a potential beneficiary regarding participation in earlier stages is influenced by the expected outcomes at later stages and the expected benefit from participation. Our empirical analysis reveals a statistically significant positive impact of expected benefits on both the information acquisition and application decisions of households. The magnitude of the coefficients, however, suggests that the marginal impact of increasing benefits is relatively small; an extra 100 pesos increases the average probability of participation by less than two percent. To identify the stages in the participation process at which participation barriers are most prohibitive, we decomposed the contribution of each explanatory variable across the stages. We found that the information and enrollment stages explain most of the variation in outcomes.
The empirical results indicate how changes in program design and implementation could increase program participation among eligible households. The most important determinant of knowledge was the percentage of eligible households in a block. This result reflects the fact that the information campaign adopted by the program heavily concentrated its advertising in the poorest blocks. In programs where self-selection is a key component, it is therefore important to ensure that sufficient information about the program objectives and design are available to all households, regardless of location. In addition, for a given initial advertising intensity, allowing an ongoing registration process (as opposed to the relatively fixed, short registration interval used in Oportunidades) can facilitate a more gradual information diffusion process, such as diffusion by word-of-mouth communication.
The decomposition analysis identifies enrollment as the most important determinant of program participation after information acquisition. The use of other household characteristics in addition to official eligibility criteria to ration access to program places is consistent with the degree of demand from eligible households that often greatly exceeded planned office budgets, as reported by program offices. Rationing may have had unintended and possibly undesirable effects. A reallocation of benefits from those currently entitled to those who would have been entitled had rationing not been enforced may be socially desirable. Therefore, replacing the fixed budget approach with an entitlement approach that allows the budget to adjust to meet demand from eligible households would help to address low participation among eligible households. However, this alternative approach would require, at a minimum, a reallocation of budgets across blocks and is likely to require an increase in the budget.
Many social programs rely on self-selection as a way of saving on administrative resources by reducing the number of noneligible households that apply and the subsequent need to verify their household characteristics. Our empirical analysis highlights the trade-off in terms of undercoverage. Extensive information campaigns, ongoing registration, and flexible budgeting can help to reduce this trade-off. Although this strategy should prove more effective at reducing undercoverage of eligible households, in the absence of eligibility criteria that are strongly associated with the underlying program objectives (in our case, poverty alleviation), it may also result in large leakage of benefits to nonpoor households. Avoiding an adverse trade-off between decreasing undercoverage and increasing leakage requires clear and effective eligibility criteria that strongly correlate with poverty and rigorously implemented.
As always, there are remaining concerns regarding the separate identification of benefit and cost impacts because some unobserved cost determinants may correlate with the determinants of benefits. Our identification of the effects of benefits relies on variation due to program rules and pre-program schooling. For future work, our estimation suggests the usefulness of studies of participation in environments with experimental variation in benefits. Another area in which other data sources would be welcome is the formation of expectations; we assume rational expectations as a simple way to close the model, but we cannot exclude the possibility of systematic biases in the perception of the later stages. Another issue that we do not explore in this paper is the possibility of correlated errors in estimating the determinants of participation at the different stages. Addressing this possibility would require a move away from a simple recursive estimation approach.
In summary, both the model developed in this paper and the empirical results indicate the need to view program participation as an outcome of a disaggregated participation process, especially where the program design allows for a strong element of self-selection. Such an approach reinforces the need to consider the costs and benefits facing households at each stage and to design targeting and eligibility strategies accordingly. An empirical identification of the factors that determine outcomes at each of the participation stages also requires sufficiently disaggregated data on outcomes at these stages and variables that may explain these outcomes. Administrative-level information and data (such as advertising strategy and resources and the level and distribution of program budgets) that can be mapped to household-level data may be extremely valuable for identifying policy levers that can improve participation outcomes without adverse effects.
